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Abstract 
Driven by the network theory on status, we propose an interesting argument that network connection 
between two products affects their word-of-mouth (WOM) rating convergence and that WOM rating 
convergence affects their sales. To empirically validate this argument, we analyze data from China's 
largest business-to-consumer platform, Tmall.com. After addressing potential endogeneity issues 
and performing various robustness checks to ensure the consistency of our findings in various ways, 
we found that network connection between two products via recommender systems was related to 
the convergence of WOM rating between the two products. Moreover, WOM rating convergence 
between two products was associated with a decrease in the sales quantity of the product with higher 
WOM rating, whereas it was associated with an increase in the sales quantity of the product with 
lower WOM rating. Overall, WOM rating convergence was associated with an increase in the total 
sales quantity of the two products. Our findings provide important theoretical contributions and 
notable implications for e-commerce product marketing and platform design. 
Keywords: Electronic Commerce, Recommender System, Product Network, Word of Mouth, 
Consumer Review, Econometric Analysis. 
Atreyi Kankanhalli was the accepting senior editor. This paper was submitted December 25, 2015 and went through 
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1 Introduction 
Electronic commerce (e-commerce) has grown 
rapidly. The global e-commerce sales revenues 
amounted to US$1.55 trillion in 2015, and some 
sources expect it to grow to US$3.4 trillion in 2019 
(Statista, 2017). One can attribute this rapid growth in 
part to the popularity of e-commerce product-
recommender systems (co-location practices), which 
provide product recommendations to assist consumers 
in their purchase decisions (Fortune, 2012; Schafer, 
Konstan, & Riedl, 1999). A well-known example of 
recommender systems is the co-purchase 
recommender system on Amazon.com, which lists 
recommended products under the title “customers who 
bought this item also bought”. Many e-commerce 
platforms such as Tmall.com and Taobao.com have 
adopted similar recommender systems. Figure 1 
illustrates how these systems form a directed product 
network connection from a recommender to a 
recommended product. 
 
Figure 1. Amazon Product Recommendation 
Network 
The popular emergence of networks in e-commerce 
has attracted some research work that has investigated 
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the economic impact (e.g., sales impact) of product 
networks (e.g., Carmi, Oestreicher-Singer, Stettner, & 
Sundararajan, 2017; Oestreicher-Singer, Libai, Sivan, 
Carmi, & Yassin, 2013; Oestreicher-Singer & 
Sundararajan, 2012a, 2012b). These studies have 
invariably focused on the network level (e.g., ego-
network level or global-network level) in that they 
have jointly analyzed multiple nodes and ties to arrive 
at conclusions that product network structures (e.g., 
centrality) will affect product sales. Unfortunately, 
prior research has not shed light on whether a network 
connection between two products (at the dyadic level) 
affects the sales of these two products. Examining this 
impact is important both theoretically and practically. 
Theoretically, theories at the ego-network or global-
network levels may not be applicable to our context 
where directed relationships between network nodes 
can be asymmetric (i.e., the existence of a 
recommendation link from product A to product B 
does not guarantee the availability of a reverse link 
from B to A) (Lin, Goh, & Heng, 2017). In contrast, a 
dyadic-level analysis can allow one to explicitly 
specify the direction of a link from the source product 
(i.e., the recommender product) to the destination 
product (i.e., the recommended product). Practically, 
this understanding may also help marketers better 
develop their recommendation strategies because 
product recommendation and co-location relationships 
are mainly determined based on the relationship 
between two products at the dyadic level (e.g., co-
purchase relationship).  
The network theory on status (e.g., quality and 
capabilities) (Benjamin & Podolny, 1999; Podolny & 
Phillips, 1996) posits that connected network nodes are 
interdependent in terms of their status and that status 
serves as an important antecedent of economic 
outcomes. Because the WOM literature has widely 
recognized WOM rating as an indicator for product 
status and quality (Forman, Ghose, & Wiesenfeld, 
2008; Lin & Heng, 2015), we explore the relationship 
between network connections and product WOM 
rating. Specifically, we apply this theory in our product 
network context to propose an important and 
interesting argument that the network connection 
between two products via recommender systems in e-
commerce may lead to changes in these products’ 
WOM ratings and that changes in WOM ratings may 
then affect product sales. Therefore, we ask: 
RQ: How does the network connection between two 
products lead to changes in these two products’ 
WOM ratings, and how do changes in WOM 
ratings affect these two products’ sales? 
To answer our research question, we collected product 
WOM, recommendation, and sales data from a Nikon 
exclusive store on Tmall.com. Motivated by network 
theory, we econometrically estimated the impact of 
network connection between two products on their 
WOM rating convergence and further explored the 
impact of WOM rating convergence on the sales of the 
two products. We address a potential endogeneity issue 
and also performed various robustness checks to 
validate the consistency of our findings in the presence 
of potential collinearity and heteroskedasticity and 
across differences in model specifications, stores, and 
product categories. 
We found several notable results. First, the network 
connection between two products via recommender 
systems in e-commerce was related to the convergence 
of WOM rating between the two products. Second, 
WOM rating convergence between two products was 
associated with a decrease in the sales quantity of the 
product with higher WOM rating, whereas it was 
associated with an increase in the sales quantity of the 
product with lower WOM rating. Interestingly, the 
sales increase for the lower-rating product was more 
salient than the sales decrease for the higher-rating 
product. Overall, WOM rating convergence was 
associated with an increase in the total sales quantity 
of the two products. 
This research has important contributions. First, our 
research is a leading effort to extend the network 
theory on status to the product network context and to 
theoretically and empirically examine how product 
network affects WOM convergence and how WOM 
convergence affects product sales in e-commerce. 
Second, our research is one of the first studies to 
examine product networks at the dyadic level to 
contribute to previous product network research by 
adding a new insight that product network connection 
may lead to WOM convergence. Third, our research 
contributes to past WOM literature by identifying 
recommender systems as the new WOM antecedent 
and to past recommender systems literature by 
addressing the mixed findings of the sales impact of 
recommender systems. Fourth, our findings have 
challenged conventional wisdom by documenting both 
positive and negative impacts of e-commerce 
recommender systems. Finally, this research also 
delivers notable insights to e-commerce retailers and 
platform designers regarding product marketing and 
recommender system design.  
2 Theoretical Background and 
Hypotheses 
2.1 Product Recommendation Network 
The popularity of product recommender systems in e-
commerce has increasingly attracted researchers’ 
attention. A recommender system is an automatic 
system that provides recommendations that might 
attract interest from a consumer for a certain focal 
product (Peng, Zhang, & Kou, 2011). The content-
based approach (based on the characteristics of a 
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product) and the collaborative filtering approach 
(based on a consumer’s social environment) are the 
two widely used recommendation algorithms (Ricci, 
Rokach, & Shapira, 2011). Early research on 
recommender systems examined the sales impact of 
recommendations. For instance, some researchers 
showed that recommendations help consumers 
discover new products and increase sales diversity 
(Anderson, 2006; Brynjolfsson, Hu, & Smith, 2006), 
whereas others argued that recommendations only 
increase the sales of popular products and, thus, reduce 
sales diversity (Mooney & Roy, 2000). Moreover, 
Pathak, Garfinkel, Gopal, Venkatesan, and Yin (2010) 
showed that recommendations can increase the sales of 
recommended products and their prices. 
More recent studies have focused on the economic 
impact of recommender systems from the network’s 
perspective. Oestreicher-Singer and Sundararajan 
(2012a) studied the average network centrality of each 
book category on Amazon based on Google’s 
PageRank centrality (Brin & Page, 1998) and found it 
had an impact on the unequal distribution of category 
demand and revenue (based on Gini coefficient). 
Similarly, Oestreicher-Singer and Sundararajan 
(2012b) associated the network position (i.e., degree 
centrality) of a product with its sales on Amazon. They 
reported that a more centrally located product (i.e., 
possessing more network connections) will experience 
higher sales. Furthermore, Oestreicher-Singer et al. 
(2013) estimated products’ true value to a firm in a 
product network. They also used PageRank centrality 
to separate a product’s value into its own intrinsic 
value, the value it receives from the network, and the 
value it contributes to the network. 
Although the above studies have examined the sales 
impact of product networks, they have focused on the 
ego-network or global-network levels. However, 
analysis at such levels might have generated a research 
gap at the dyadic level. Specifically, most product 
networks are directed networks with directed links 
from recommender products to recommended products 
(Lin et al., 2017; Oestreicher-Singer & Sundararajan, 
2012b). The direction of a link is critical to product 
sales because it determines the flow of consumer 
attention and traffic to a product (Carmi et al., 2017; 
Oestreicher-Singer et al., 2013). Given that these links 
could be asymmetric, we need to study the 
phenomenon at the dyadic level to explicitly specify 
the direction of the recommendation relationship 
between a pair of products. 
Furthermore, in addition to recommender systems, e-
commerce marketers have widely adopted WOM as a 
recommendation strategy. Marketers have jointly 
adopted these two recommendation strategies (see 
Figure 1 for an example). Interestingly, prior research 
has suggested that these two recommendation 
mechanisms may not be independent as they both 
provide recommendation information that affects 
consumer decision making (Benlian, Titah, & Hess, 
2012; Lin, 2014). Thus, we need to explore the 
relationship between recommendation systems and 
WOM, which motivates our subsequent review of the 
WOM literature. 
2.2 WOM  
The rapid development of e-commerce platforms has 
digitalized consumer WOM in the form of product 
reviews (Dellarocas, 2003), and WOM has become an 
important source of product information to help 
consumers evaluate a product’s overall excellence 
(e.g., popularity and quality). Thus, WOM has already 
attracted significant research efforts.  
We can categorize existing WOM research into two 
general streams. The first stream of studies has 
examined WOM as a driver that influences economic 
outcomes such as consumer purchase decision making 
(e.g., Goh, Heng, & Lin, 2013) or product sales (e.g., 
Chevalier & Mayzlin, 2006; Chintagunta, Gopinath, & 
Venkataraman, 2010; Duan, Gu, & Whinston, 2008). 
Volume and valence are among the most important 
WOM attributes that this research has examined. For 
instance, Chevalier and Mayzlin (2006) studied WOM 
(i.e., book reviews) on Amazon to show that an 
increase in volume and valence of reviews will 
increase book sales. Liu (2006), Duan et al. (2008), and 
Chintagunta et al. (2010) all studied the impact of 
Yahoo! movie reviews on box office sales. They 
reported mixed findings that review volume and/or 
valence can predict sales. More recently, Gu et al. 
(2012) compared internal WOM on Amazon versus 
external WOM from other review websites in terms of 
volume and valence and found that a retailer’s internal 
WOM has a small impact on its sales of high-
involvement products whereas external WOM has a 
strong impact on the retailer’s sales. Moreover, Lu, Ba, 
Huang, and Feng (2013) investigated restaurant 
reviews on a review site and identified that both 
volume and valence have a significant impact on 
restaurant sales. 
The other stream of literature has studied WOM as an 
outcome (e.g., Berger & Iyengar, 2013; Berger & 
Schwartz, 2011; Cheema & Kaikati, 2010; Lin & 
Heng, 2015; van der Lans, van Bruggen, Eliashberg, & 
Wierenga, 2010; Zhang, Feick, & Mittal, 2014). For 
instance, based on the insights from epidemiology that 
describe the spread of viruses as a branching process, 
van der Lans et al. (2010) derived and applied the viral 
branching model to predict the reach of WOM. 
Cheema and Kaikati (2010) explored the psychosocial 
cost associated with a consumer’s decision to provide 
positive WOM about products, which decreased the 
uniqueness of possessions and, thus, harmed high-
uniqueness consumers. Hence, high-uniqueness 
consumers are less willing to generate positive WOM 
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for publicly consumed products that they own. 
However, high uniqueness does not decrease 
willingness to generate WOM for privately consumed 
products. Berger and Schwartz (2011) also examined 
the psychological factors that drive immediate and 
ongoing WOM. They found that more interesting 
products get more immediate WOM but do not receive 
more ongoing WOM over time. In contrast, products 
that are cued more by the environment or are more 
publicly visible receive more WOM both right away 
and over time. Moreover, Berger and Iyengar (2013) 
conducted laboratory experiments to investigate how 
communication channels affect WOM. They found 
that, compared to oral communication, written 
communication leads people to mention more 
interesting products and brands. Recently, using both 
survey and experiment approaches, Zhang et al. (2014) 
studied and concluded that the joint effect of tie 
strength and image-impairment concern on negative 
WOM transmission differs for males and females and 
argued that this effect was due to the differences in 
their relative concern for self versus others. 
Although the above studies have extensively 
documented the role of WOM both as a consequence 
and an antecedent, they have shed little light on the 
potential relationship between recommender systems 
and WOM. However, prior studies on human judgment 
and decision making (Kahneman & Tversky, 1979; 
Mussweiler, 2003) have suggested that consumers 
evaluate products based on the “reference points” they 
use (Chen & Rao, 2002; Nowlis & Simonson, 1997). 
As recommender systems direct consumer attention by 
explicitly establishing a directed network connection 
from a focal product/WOM to another (Carmi et al., 
2017; Oestreicher-Singer et al., 2013), the connection 
provides a reference for consumers’ product evaluation 
and perhaps subsequent WOM behavior, which 
implies the potential impact of recommender systems 
on WOM. Indeed, scholars have argued that connected 
network nodes are often interdependent in terms of 
their attributes (Carmi et al., 2017; Oestreicher-Singer 
et al., 2013; Oestreicher-Singer & Sundararajan, 
2012b). As such, we examine the relationship between 
recommender systems and WOM and their roles in 
product sales through the lens of networks. 
2.3 Network Theory, WOM, and 
Product Sales 
Network theory research has argued that the status of a 
network node is an intangible asset (Benjamin & 
Podolny, 1999; Rindova, Pollock, & Hayward, 2006) 
based on stakeholders’ evaluations of the network 
node’s underlying quality (Podolny, 1994). In other 
words, status is a signal of underlying quality (Podolny 
& Phillips, 1996). Status may have many 
manifestations. For instance, the status of an 
organization may refer to the organization’s 
capabilities (Podolny, 1994), the perceived quality of 
the organization’s products (Podolny, 1993), or the 
organization’s centrality in market exchange networks 
(Rindova et al., 2006). The status of a person may refer 
to the person’s educational or occupational 
performances (e.g., degree or salary levels) (Lin, 
1999). In our context of product networks, we define 
the status of a product as the product’s underlying 
quality, which its WOM rating can reflect (Forman et 
al., 2008; Lin & Heng, 2015). 
Further, network theory research has posited that 
which neighbors a node selects as its connected 
network neighbors affects how other nodes perceive 
the node based on the assumption that relationships 
with others serve as indicators of quality (Podolny & 
Phillips, 1996), and some network researchers have 
even documented that the status of a network node’s 
network affiliations positively affects its status 
(Podolny, 1993; Rindova et al., 2006). For instance, in 
the context of organization networks, Baum and Oliver 
(1991) and Wiewel and Hunter (1985) have argued that 
affiliations with a more established or well-known firm 
(i.e., a firm with higher status) may increase the status 
and the perceived legitimacy of a young firm’s 
activities. In the context of human social networks, 
Susarla, Oh, and Tan (2012) found that the status of 
other individuals that an individual is connected to in 
the YouTube network determines the individual’s 
status. In our context of product networks, we argue 
that a similar mechanism may exist. Specifically, 
studies on human judgment and decision making 
(Kahneman & Tversky, 1979; Mussweiler, 2003) have 
shown that the “reference points” individuals use 
rather than absolute values alone largely determine 
their product evaluations (Chen & Rao, 2002; Nowlis 
& Simonson, 1997). Moreover, the WOM rating of a 
product may serve as the product’s status because 
researchers have widely recognized WOM ratings as a 
proxy for product quality (Forman et al., 2008; Lin & 
Heng, 2015). Therefore, when two products are 
connected via recommender systems for consumers’ 
co-purchase considerations, consumers will likely 
perceive that the two products should have similar 
status (i.e., quality and rating), especially when they 
could be aware that the recommendations are made 
based on the co-preferences and, thus, co-purchases of 
earlier consumers. Consequently, when consumers 
review a product, they may consider its connected 
product and the corresponding rating as a reference 
point to give a similar rating. Therefore, we may expect 
that, when two products are connected, they may serve 
as a reference for one another, and the higher rating 
may converge to the lower one whereas the lower 
rating may converge to the higher one. In sum, we 
hypothesize that:  
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H1: The network connection between two products is 
associated with the convergence of the two 
products’ WOM rating. 
Network theory research has also reported that a 
network node’s status has a positive impact on the 
network node’s economic benefits, such as cost, sales, 
and market share (Podolny, 1993; Podolny & Phillips, 
1996), because higher status enhances stakeholders’ 
perceptions of the network node’s quality and 
capabilities (Podolny & Phillips, 1996) and allows the 
network node to access to more resources and 
opportunities (Rindova & Fombrun, 1999). WOM 
research recognizes this finding because many studies 
have documented that product status in terms of WOM 
rating has a positive impact on product sales (Chevalier 
& Mayzlin, 2006; Chintagunta et al., 2010; Clemons, 
Gao, & Hitt, 2006; Lin, 2014). Therefore, we can 
reasonably expect that two product’s WOM rating 
convergence is likely to affect their sales. Specifically, 
the higher-rating product may experience a decrease in 
product sales due to its decrease in rating during WOM 
rating convergence, whereas the lower-rating product 
may instead experience an increase in product sales 
due to its increase in rating.  
Furthermore, because the “reference points” 
consumers use largely determine their product 
evaluations (Chen & Rao, 2002; Nowlis & Simonson, 
1997), the relative WOM rating will likely affect 
consumers’ evaluations and perceptions and 
subsequent purchase decisions. Specifically, WOM 
rating convergence reduces the rating difference 
between the two products. As WOM rating signals the 
underlying product quality (Forman et al., 2008; Lin & 
Heng, 2015), the convergence reduces the relative 
superiority of the higher-rating product but increases 
the relative attractiveness of the lower-rating product. 
As a result, the sales of the higher-rating product may 
decrease whereas that of the lower-rating product may 
increase. In sum, we hypothesize that:  
H2: WOM rating convergence between two products 
is associated with a decrease in the sales of the 
product with higher WOM rating. 
H3: WOM rating convergence between two products 
is associated with an increase in the sales of the 
product with lower WOM rating.  
3 Empirical Methodology and 
Analysis 
3.1 Data Description 
We obtained data from China’s largest business-to-
consumer (B2C) e-commerce platform, Tmall.com, 
which is under the Alibaba group. Tmall has 
established a large number of online stores to provide 
quality, brand-name goods to consumers in China and 
even overseas. Tmall has more than 400 million 
buyers, 50 thousand online retailers, and 70 thousand 
brands (GLOBALG.A.P., 2017). Tmall is the most 
visited B2C online retail website in China (Alexa, 
2017). 
Similar to other e-commerce platforms (e.g., Amazon), 
each Tmall product has a product webpage that 
displays all the product’s major attributes including 
WOM in terms of review volume and average rating, 
price, inventory, and sales in the past month. Unlike 
other e-commerce websites, Tmall also releases 
product sales information in terms of transaction 
records for each product. Moreover, Tmall also 
incorporates a co-purchase recommender systems 
(similar to those on Amazon) to provide 
recommendations on each product webpage. The 
recommendation algorithm Tmall uses is based on the 
widely adopted collaborative filtering approach 
(Wang, Liu, & Chiu, 2016). That is, for each focal 
product, Tmall identifies all the consumers who have 
purchased the product and what other products these 
consumers have also purchased subsequently to 
provide these subsequently purchased products as 
recommendations for the focal product. Noteworthy, 
as there are numerous independent stores on Tmall, the 
recommendation algorithm is identical across stores, 
but Tmall restricts recommender systems in a store to 
only recommend products from the same store.  
We collected data for our main empirical analysis from 
an exclusive store that sold Nikon digital cameras and 
associated components (e.g., lens, flashes). First, we 
chose only one store because Tmall’s recommender 
systems function only in individual stores. On Tmall, 
products from different stores could not possibly 
connect via recommender systems. Moreover, because 
we conducted our analyses at the dyadic product-pair 
level, our selected Nikon store, which had 264 
products (with which we could construct 54,958 
product pairs), provided a sufficiently large sample 
size for our empirical analysis. Second, we chose an 
exclusive store because we sought to avoid any brand 
effects as confounding factors if the store sold multiple 
brands. In addition to the cameras used for our main 
analysis, we also sought to conduct robustness checks 
and increase the potential generalizability of our 
research findings across product categories by 
collecting additional data from stores that sold 
notebook computers and cosmetic products. 
We collected webpage snapshots on a daily basis 
(12:00 midnight) including information on all the 
major product attributes and product 
recommendations. Thus, we could associate network 
connections (via the recommendation relationships) 
with product WOM and sales and control for other 
possible antecedents. In sum, our final dataset 
collected from the Nikon store included 2,953,656 
observations for 54,958 product pairs (constructed 
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based on 264 products) across 58 days. For all the 
products in this chosen store, on average, the sales 
quantity was 0.359 units, the price was 4,273 Chinese 
Yuan, the review volume was 3.669, and the review 
rating was 1.512. 
3.2 Empirical Model 
As a product (which we define as the source product) 
could have a recommendation network tie to any of the 
other 263 products (which we define as the destination 
product) in the store, and, more importantly, the 
network tie was directed, we identified all the possible 
combinations of product pairs (network ties) as our 
unit of analysis. Hence, we operationalized our model 
variables at the network tie-day level. Noteworthy, for 
each pair of products on a particular day, we made sure 
both products were available for sale in the store to 
keep as a valid observation in order to avoid censoring 
issues. 
Let subscript i denote each directed network tie and 
subscript t denote each time period (daily). The 
dependent variable for H1 was WOM convergence 
(pr_diffit), which we measured as the absolute value of 
the difference of review ratings between source and 
destination from network tie i on day t. Thus, a smaller 
pr_diffit would indicate a higher level of convergence 
because the two products would be closer in their 
review ratings. The binary independent variable was 
network connection (connectionit), which indicated the 
existence of network tie i from source to destination 
(i.e., source is recommending destination via a 
recommender system) on day t and took on the value 
one for existence and zero for non-existence. We 
gathered the control variables from those identified in 
the literature and the available information in our 
dataset. Because we conducted our analysis at the 
dyadic product-pair level, we used information 
common across two products in a product pair and 
across different product pairs to construct our control 
variables. This information included: 1) review 
volume difference (pv_diffit), 2) list price difference 
(lp_diffit), 3) inventory difference (in_diffit), 4) sales 
quantity difference (q_diffit), 5) in-degree centrality 
difference (i_dc_diffit), 6) out-degree centrality 
difference (o_dc_diffit), and 7) time dummies at the 
daily level (Tt). We included the first four control 
variables because each Tmall product webpage 
displayed them as major product attributes. For each of 
them, we computed the value difference between 
source and destination and take the absolute value. We 
include the fifth and sixth control variables because 
degree centrality is a widely documented important 
factor in network analysis and to capture the fact that a 
product can have more than one source product that 
points to it or more than one destination product it 
points to. Finally, we included time dummies to control 
for fixed effects at the time unit level. 
We modeled the influence of product network 
connection (connection) between two products on the 
convergence of WOM rating of these two products 
(pr_diff). We considered connection in the previous time 
period (t - 1) to avoid potential simultaneity issue and to 
allow for a lagged effect from recommendation 
connection to consumers’ rating behavior. Equation 1 
specifies the linear panel data model:
 
 
(1) 
In the equation, αi captures unobserved network tie-specific effect. Further, βs are the coefficients, and εit indicates the 
error term. Tables 1 and 2 present the descriptive statistics and correlations. 
Table 1. Descriptive Statistics 
Variable Mean St. dev. Min Max 
connection (network connection) 0.031 0.173 0 1 
pr_diff (WOM convergence, review rating difference) 2.113 2.413 0 5 
pv_diff (review volume difference) 6.873 36.676 0 443 
lp_diff (list price difference) 6,525.564 12,332.420 0 69,099 
in_diff (inventory difference) 98.605 391.965 0 9,789 
q_diff (sales quantity difference) 0.714 11.031 0 680 
i_dc_diff (in-degree centrality difference) 8.102 12.934 0 129 
o_dc_diff (out-degree centrality difference) 1.962 2.842 0 9 
Note: number of observations = 2,953,656, number of network ties = 54,958, number of days = 58. All variables are at the network tie-day level. 
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Table 2. Correlations 
Variable 1 2 3 4 5 6 7 8 
1 connection -        
2 pr_diff 0.014 -       
3 pv_diff 0.106 0.119 -      
4 lp_diff -0.038 -0.066 -0.027 -     
5 in_diff -0.014 0.037 0.052 -0.023 -    
6 q_diff 0.000 0.035 0.091 -0.011 0.264 -   
7 i_dc_diff 0.167 0.206 0.563 -0.044 0.010 0.036 -  
8 o_dc_diff -0.074 0.075 0.010 -0.034 0.102 0.064 -0.073 - 
3.3 Results: Network Connection and 
WOM Convergence 
We first estimated a fixed effects (FE) model and a 
random effects (RE) model of WOM convergence 
(pr_diff) on all the control variables that we discuss 
above. As columns A and B in Table 3 report, all the 
control variables except lp_diff and q_diff had 
consistent impacts on WOM convergence. These 
significant estimates suggest that the differences in 
various product attributes between two products can 
help explain the difference in their WOM rating (i.e., 
WOM rating convergence).  
Based on this set of control variables, we further 
included the major independent variable, network 
connection (connection), to estimate both a FE model 
and a RE model of pr_diff on connection. Columns C 
and D in Table 3 summarize the estimation results of 
these two models. As the table indicates, both models 
show that connection had a negative and significant 
impact on pr_diff, and the two coefficients of 
connection (-0.016 and -0.017) were very close. 
Because we measured pr_diff as the absolute value of 
difference in review ratings, the negative coefficients 
show that, when two products were connected 
(connection = 1), they had a smaller rating difference 
(pr_diff). In other words, their WOM (in terms of 
review ratings) converged, which we expected. In 
order to obtain consistent estimates even when the 
unobserved network tie-specific effect, αi, was 
correlated with our explanatory variables, we 
considered the FE model in column C in Table 3 as our 
preferred model. In the remaining estimates, we used 
FE. 
Although the above estimation results show that 
network connection was associated with WOM 
convergence, one may be concerned about the 
potential endogeneity of connection due to the 
omission of important relevant variables. To address 
the potential endogeneity issue, our first identification 
strategy adopted the above FE model. FE 
transformation eliminates time-invariant omitted 
variables from model estimation and, thus, alleviates 
the potential omitted variable concern. Our results in 
column C in Table 3 show the significant impact of 
connection on pr_diff after accounting for time-
invariant omitted variables. Additionally, we used 
instrumental variables (IVs). Suitable IVs would be 
factors that have high correlations with our focus 
independent variable (connection) but not the 
dependent variable (pr_diff). Based on this criterion, 
we identified all the incoming products that had 
recommendation ties to the source product to compute 
the average value of past product sales across these 
incoming products. Next, we also computed the 
average value of past product sales across all the 
incoming products of the destination product. Lastly, 
we obtained the absolute difference in these two 
average past product sales between the source and 
destination (i_ps_diff). Likewise, we also computed 
the absolute difference in past product sales between 
the source and destination using all the outgoing 
products (i.e., products that the source, or the 
destination, had recommendation ties to) (o_ps_diff). 
We believed that the difference in past sales levels 
between the source’s neighbors and the destination’s 
neighbors would correlate with whether these two sets 
of neighbors will be connected since recommender 
systems tend to connect products that have a similar 
sales pattern, which may further affect the connection 
between the source and destination. However, 
i_ps_diff and o_ps_diff were unlikely to correlate with 
the WOM of source or destination. Thus, we believed 
i_ps_diff and o_ps_diff could serve as valid 
instruments for connection. We employed FE two-
stage least squares regression with IVs. Column B in 
Table 4 reports the estimation results. For ease of 
reference, column A in Table 4 presents the preferred 
results from column C in Table 3. As column A in 
Table 4 shows, the coefficient of connection remained 
negative and significant and the magnitude was much 
larger after accounting for the potential endogeneity 
issue. Thus, we found support for the impact of 
network connection on WOM rating convergence.
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Table 3. Results: Network Connection and WOM Convergence 
Variable 
(A) 
FE 
Control 
(B) 
RE 
Control 
(C) 
FE 
Full 
(D) 
RE 
Full 
connection 
(network connection)   
-0.016*** 
(0.003) 
-0.017*** 
(0.003) 
pv_diff 
(review volume difference) 
0.011*** 
(0.000) 
0.010*** 
(0.000) 
0.011*** 
(0.000) 
0.010*** 
(0.000) 
lp_diff 
(list price difference) 
0.000 
(0.000) 
-0.000*** 
(0.000) 
0.000*** 
(0.000) 
-0.000*** 
(0.000) 
in_diff 
(inventory difference) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
q_diff 
(sales quantity difference) 
-0.000 
(0.000) 
0.000 
(0.000) 
0.000 
(0.000) 
0.000 
(0.000) 
i_dc_diff 
(in-degree centrality difference) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
-0.000 
(0.000) 
o_dc_diff 
(out-degree centrality difference) 
-0.006*** 
(0.000) 
-0.006*** 
(0.000) 
-0.006*** 
(0.000) 
-0.005*** 
(0.000) 
Time dummies Included Included Included Included 
Number of network ties 54,958 54,958 54,958 54,958 
Number of observations 2,953,656 2,953,656 2,879,962 2,879,962 
Hausman test χ2 = -6,794.43 χ2 = -6,951.10 
R2 0.0109 0.0169 0.0062 0.0170 
Note: standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
 
Table 4. Identification 
Variable (A)  Preferred 
(B)  
IV 
connection 
(network connection) 
-0.016*** 
(0.003) 
-6.855*** 
(0.146) 
pv_diff 
(review volume difference) 
0.011*** 
(0.000) 
0.012*** 
(0.000) 
lp_diff 
(list price difference) 
0.000*** 
(0.000) 
0.000** 
(0.000) 
in_diff 
(inventory difference) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
q_diff 
(sales quantity difference) 
0.000 
(0.000) 
0.000 
(0.000) 
i_dc_diff 
(in-degree centrality difference) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
o_dc_diff 
(out-degree centrality difference) 
-0.006*** 
(0.000) 
-0.006*** 
(0.000) 
Time dummies Included Included 
Number of network ties 54,958 54,958 
Number of observations 2,879,962 2,879,962 
R2 0.0062 0.0086 
Note: standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
Journal of the Association for Information Systems 
 
31 
 
3.4 Robustness Checks 
After identifying the impact of network connection on 
WOM convergence, we further corroborated our 
results by checking the robustness in multiple ways. 
For ease of reference, column A in Table 5 presents the 
preferred main results from column C in Table 3. 
First, in order to check whether our results differed 
across different relationships between the source and 
destination products (i.e., substitute or complementary 
relationships), we constructed the variable of 
assortativity (Oestreicher-Singer & Sundararajan, 
2012b) to indicate whether the source and the 
destination were from the same product category 
(assortativity = 1: same category; assortativity = 0: 
otherwise). When two products are from the same 
category, they have the same product functionality and 
serve as substitutes for each other. Conversely, when 
two products are from different categories, they are 
more likely to be complementary products. We 
included assortativity as an additional control variable 
and find consistent impact of connection on pr_diff. 
Column B in Table 5 summarizes the results. 
Second, another concern would be the potential impact 
of prior ratings on subsequent ratings, which could 
have confounded our investigation of the impact of 
connection on pr_diff. To address this issue, we further 
included pr_diff_prior (i.e., pr_diff in the previous 
time period (t - 1)) as a control variable. As column C 
in Table 5 indicates, the impact of connection 
remained consistent. 
Third, one may be concerned about the potential 
collinearity among our model variables. However, 
Table 2 shows that all the correlations were generally 
small, which suggests that collinearity was not a 
concern. Nevertheless, we also performed mean-
subtracted centralization, and standardization, for all 
the independent and control variables. We re-estimated 
our main model based on these centralized or 
standardized variables and summarize the results in 
columns D and E, respectively, in Table 5. The results 
are consistent with those in column A. 
Fourth, one may also be concerned about the potential 
heteroskedasticity issue. Thus, we re-estimated our 
model to report robust standard errors. As column F in 
Table 5 indicates, the impact of connection remained 
consistent.
Table 5. Robustness Checks 
Variable (A) Preferred 
(B) 
Assortativity 
(C) 
Prior rating 
(D) 
Centrali- 
zation 
(E) 
Standardi- 
zation 
(F) 
Hetero- 
skedasticity 
connection 
(network connection) 
-0.016*** 
(0.003) 
-0.016*** 
(0.003) 
-0.003*** 
(0.001) 
-0.016*** 
(0.003) 
-0.003*** 
(0.001) 
-0.016* 
(0.008) 
pv_diff 
(review volume difference) 
0.011*** 
(0.000) 
0.010*** 
(0.000) 
0.001*** 
(0.000) 
0.011*** 
(0.000) 
0.421*** 
(0.006) 
0.011*** 
(0.001) 
lp_diff 
(list price difference) 
0.000*** 
(0.000) 
-0.000*** 
(0.000) 
0.000*** 
(0.000) 
0.000*** 
(0.000) 
0.184*** 
(0.057) 
0.000 
(0.000) 
in_diff 
(inventory difference) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
-0.009*** 
(0.001) 
-0.000*** 
(0.000) 
q_diff 
(sales quantity difference) 
0.000 
(0.000) 
0.000 
(0.000) 
-0.000 
(0.000) 
0.000 
(0.000) 
0.000 
(0.000) 
0.000 
(0.000) 
i_dc_diff 
(in-degree centrality difference) 
-0.000*** 
(0.000) 
-0.000 
(0.000) 
0.000*** 
(0.000) 
-0.000*** 
(0.000) 
-0.004*** 
(0.001) 
-0.000* 
(0.000) 
o_dc_diff 
(out-degree centrality difference) 
-0.006*** 
(0.000) 
-0.005*** 
(0.000) 
-0.001*** 
(0.000) 
-0.006*** 
(0.000) 
-0.016*** 
(0.001) 
-0.006*** 
(0.000) 
assortativity 
(category difference) 
 -0.283*** 
(0.020) 
    
pr_diff_prior 
(prior rating difference) 
  0.952*** 
(0.000) 
   
Time dummies Included Included Included Included Included Included 
Number of network ties 54,958 54,958 54,958 54,958 54,958 54,958 
Number of observations 2,879,962 2,879,962 2,879,962 2,879,962 2,879,962 2,879,962 
R2 0.0062 0.0203 0.9894 0.0062 0.0062 0.0062 
Note: standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
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Fifth, we checked whether our findings were robust 
across model specifications. Thus, in addition to the FE 
and RE models reported above, we also estimated a 
population-averaged (PA) model and then a random 
effects model estimated via maximum likelihood (RE-
ML). Columns G and H in Table 6 show the 
corresponding results for the PA and RE-ML models. 
The impact of connection remained consistent.  
Next, as we sourced the data for our main model 
analysis from one Nikon exclusive store, we extended 
the generalizability of our findings by collecting data 
from another Nikon exclusive store on Tmall for 
similar analysis to alleviate the potential selection bias 
at the store level. Column I in Table 6 shows the 
results: one can see that the estimate of connection 
remained negative and significant. 
Finally, as we considered Nikon camera products, 
which are a typical type of search products, in our main 
model analysis, we examined whether we could 
generalize our findings to other search products and 
experience products. Thus, we collected similar data 
from two additional Tmall stores that sold notebook 
computers (search products) and cosmetic products 
(experience products). Columns J and K in Table 6 
summarize the estimation results. As one can see, the 
impact of connection remained consistent. 
In sum, the above checks indicate the consistency of 
our findings in the presence of potential collinearity 
and heteroskedasticity and show the robustness across 
differences in model specifications, stores, and product 
categories.
Table 6. Robustness Checks 
Variable (G) PA 
(H) 
RE-ML 
(I) 
Alternative 
store 
(J) 
Computer 
(K) 
Cosmetic 
connection 
(network connection) 
-0.017*** 
(0.003) 
-0.017*** 
(0.003) 
-0.066*** 
(0.005) 
-0.033*** 
(0.006) 
-0.052*** 
(0.007) 
pv_diff 
(review volume difference) 
0.010*** 
(0.000) 
0.010*** 
(0.000) 
0.001*** 
(0.000) 
0.001*** 
(0.000) 
0.092*** 
(0.001) 
lp_diff 
(list price difference) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
-0.005*** 
(0.000) 
in_diff 
(inventory difference) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
-0.000 
(0.000) 
q_diff 
(sales quantity difference) 
0.000 
(0.000) 
0.000 
(0.000) 
0.000 
(0.000) 
-0.000 
(0.000) 
0.018*** 
(0.001) 
i_dc_diff 
(in-degree centrality difference) 
-0.000** 
(0.000) 
-0.000** 
(0.000) 
0.003*** 
(0.000) 
-0.005*** 
(0.000) 
-0.006*** 
(0.000) 
o_dc_diff 
(out-degree centrality difference) 
-0.005*** 
(0.000) 
-0.005*** 
(0.000) 
0.013*** 
(0.000) 
-0.006*** 
(0.001) 
-0.007*** 
(0.001) 
Time dummies Included Included Included Included Included 
Number of network ties 54,958 54,958 27,000 16,366 16,964 
Number of observations 2,879,962 2,879,962 1,388,418 617,878 822,986 
R2 - - 0.0060 0.0064 0.0098 
Note: standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
3.5 Results: WOM Convergence and 
Product Sales 
After uncovering the relationship between network 
connection and WOM convergence, we next explored 
the impact of WOM convergence between two 
products on the sales of these two products (i.e., test 
H2 and H3).  
Specifically, we investigated the sales quantity of the 
two products. Thus, we constructed two variables (i.e., 
q_highit and q_lowit). For each product pair i on day t, 
we compared the WOM rating between the two 
products, and q_highit was the sales quantity of the 
product with higher WOM rating whereas q_lowit was 
the sales quantity of the product with lower WOM 
rating. Consequently, we considered q_highit and 
q_lowit as the two dependent variables and WOM 
convergence (pr_diffit) as the independent variable to 
examine how WOM convergence in a product pair 
affected the sales of the product with higher (or lower) 
WOM rating. We included the same set of control 
variables as above. 
Due to the panel-level count data nature of q_highit and 
q_lowit, we employed a fixed effects Poisson 
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regression model for estimation (Wooldridge, 2006). 
Likewise, we considered pr_diff in the previous time 
period (t - 1) to avoid potential simultaneity issue. We 
first estimated the impact of pr_diff on q_high; we 
report the results in column A in Table 7. As one can 
see, the significant positive coefficient of pr_diff, 
0.347, implies that WOM convergence (i.e., a smaller 
pr_diff) was associated with a decrease in the sales 
quantity of the product with higher WOM rating. We 
next estimated the impact of pr_diff on q_low; we 
summarize the results in column B in Table 7. As one 
can see, we obtained a significant, but negative, 
coefficient of pr_diff (-0.536). This result shows that 
WOM convergence instead was associated with an 
increase in the sales quantity of the product with lower 
WOM rating. Interestingly, comparing the estimated 
magnitudes of pr_diff between columns A and B in 
Table 7, we can see that the magnitude of sales increase 
(0.536) was larger than the magnitude of sales decrease 
(0.347), which suggests that WOM convergence may 
bring an increase to the overall sales of the product 
pair. Thus, we constructed a dependent variable of the 
total sales quantity of the two products in the product 
pair, q_sumit, measured as q_highit + q_lowit, and 
estimated the impact of pr_diff on q_sum. The results 
in column C in Table 7 show that the coefficient of 
pr_diff was significant and negative (i.e., -0.009). 
Thus, the results suggest that WOM convergence was 
associated with an increase in the total sales quantity 
of product pairs. 
 
Table 7. Results: WOM Convergence and Product Sales 
Variable 
(A) 
Sales 
(higher rating) 
(B) 
Sales 
(lower rating) 
(C) 
Sales 
(product pair) 
pr_diff 
(WOM convergence, review rating 
difference) 
0.347*** 
(0.003) 
-0.536*** 
(0.003) 
-0.009*** 
(0.001) 
pv_diff 
(review volume difference) 
0.024*** 
(0.000) 
0.012*** 
(0.000) 
0.020*** 
(0.000) 
lp_diff 
(list price difference) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
-0.000*** 
(0.000) 
in_diff 
(inventory difference) 
0.000*** 
(0.000) 
0.000*** 
(0.000) 
0.000*** 
(0.000) 
q_diff 
(sales quantity difference) 
0.011*** 
(0.000) 
0.014*** 
(0.000) 
0.012*** 
(0.000) 
i_dc_diff 
(In-degree centrality difference) 
-0.001*** 
(0.000) 
0.003*** 
(0.000) 
0.000*** 
(0.000) 
o_dc_diff 
(out-degree centrality difference) 
0.010*** 
(0.000) 
0.009*** 
(0.001) 
0.007*** 
(0.000) 
Time dummies Included Included Included 
Number of network ties 54,958 54,958 54,958 
Number of observations 2,879,962 2,879,962 2,879,962 
Log likelihood -674,613.12 -241,507.92 -812,546.49 
AIC 1,349,352 483,141 1,625,219 
BIC 1,350,104 483,848 1,625,984 
Note: standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. 
4 Discussion and Contribution 
4.1 Discussion of Findings 
In this study, we investigate the impact of product 
network connection between product pairs on their 
WOM rating convergence in the e-commerce context. 
We also examine how WOM convergence affects the 
sales of each product in a product pair. Our research has 
several notable findings. First, we found that network 
connection between products was associated with 
WOM rating convergence. In other words, if a product 
establishes a recommendation link that connects to 
another product through recommender systems, their 
WOM in terms of review ratings will become closer to 
one another. Quantitatively, our main estimated 
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coefficient of connection from column C in Table 3 
shows that, when two products were connected in a 
recommendation relationship, their WOM rating 
converged by 0.016 units. 
Second, we found that the convergence in WOM rating 
between two products was related to the sales of these 
products. Specifically, in a product pair, WOM rating 
convergence was associated with a decrease in the sales 
quantity of the product with higher WOM rating and 
with an increase in the sales quantity of the product with 
a lower WOM rating. These findings suggest that the 
network connection between a pair of products is 
associated with a decrease in the higher WOM rating but 
an increase in the lower WOM rating such that they 
could converge to grow closer to one another. 
Consequently, the increase (decrease) in WOM rating is 
further associated with the increase (decrease) in 
product sales quantity. 
Third, we discovered that the sales increase for a product 
was more salient (in terms of the magnitude of estimated 
coefficients) than the sales decrease for the other in a 
product pair. Thus, we examined the impact of WOM 
convergence on the total sales quantity of a product pair 
and found that WOM convergence was beneficial to a 
product pair because it increased the total sales quantity. 
In other words, our results indicate that network 
connection between two products will bring a sales 
benefit to the two products as a whole. 
4.2 Theoretical Contributions 
Our study offers several important theoretical 
contributions. First, our research serves as the leading 
effort to extend the network theory on status in the 
organization network context (Benjamin & Podolny, 
1999; Podolny & Phillips, 1996) to our context of 
product networks. Through the lens of network theory, 
we address a research gap in the product network 
literature (Carmi et al., 2017; Oestreicher-Singer et al., 
2013; Oestreicher-Singer & Sundararajan, 2012a; 
Oestreicher-Singer & Sundararajan, 2012b) by 
theoretically and empirically examining how product 
network affects WOM convergence and how WOM 
convergence affects product sales in e-commerce. 
Second, our research is one of the first studies to 
examine product networks at the dyadic level. While 
previous product network research has widely 
documented the economic impacts of product 
networks at the ego-network or global-network levels 
(e.g., Carmi et al., 2017; Lin et al., 2017; Oestreicher-
Singer et al., 2013; Oestreicher-Singer & 
Sundararajan, 2012a; Oestreicher-Singer & 
Sundararajan, 2012b), our dyadic-level analysis has 
identified that product network connection may lead to 
WOM convergence. As such, we contribute to 
previous product network research by adding this new 
insight. 
Third, our findings (i.e., that the network connection 
between two products may increase the rating of the 
lower-rating product whereas decrease the rating of the 
higher-rating product) establish a connection between 
recommender systems and WOM. Thus, we contribute 
to the literature on WOM antecedents (e.g., Berger & 
Iyengar, 2013; Berger & Schwartz, 2011; Cheema & 
Kaikati 2010; Lin & Heng, 2015; van der Lans et al., 
2010; Zhang et al., 2014) by identifying recommender 
systems or product networks as a new antecedent. 
Moreover, we also contribute to the literature on 
recommender systems by providing possible 
explanations for the mixed findings regarding the sales 
impact of recommender systems (Anderson, 2006; 
Brynjolfsson et al., 2006; Mooney & Roy, 2000). 
Based on our findings, we explain that whether 
recommender systems increase or decrease product 
sales may depend on WOM ratings. 
Fourth, our findings challenge conventional wisdom 
by elucidating both positive and negative impacts of e-
commerce recommender systems. Existing research on 
recommender systems (e.g., Carmi et al., 2017; Fleder 
& Hosanagar, 2009; Oestreicher-Singer et al., 2013; 
Oestreicher-Singer & Sundararajan, 2012a, 2012b; 
Pathak et al., 2010) has invariably reported the positive 
impact of recommender systems on product sales. 
While our finding that network connection via 
recommender systems may have a positive impact on 
sales of the product with lower WOM rating, our other 
finding reports that network connection may instead 
have a negative impact on sales of the product with 
higher WOM rating, which reveals a potential 
detrimental role of recommender systems. 
4.3 Practical Implications 
Our research provides several important practical 
implications for e-commerce retailers and platform 
designers. First, our findings show that the network 
connection between two products may increase the 
rating and sales of the lower-rating (LR) product but 
decrease the rating and sales of the higher-rating (HR) 
product. Thus, retailers could achieve better business 
performance by maintaining or even further improving 
the rating of the HR products. For instance, retailers 
could provide monetary incentives (e.g., coupons or 
discounts) to encourage consumers to give higher 
ratings to HR. Consequently, LR products could enjoy 
rating and sales increase from their connection with 
HR products, and HR products could avoid rating and 
sales decrease due to its connection with LR products. 
Second, our findings regarding the impact of network 
connection on WOM convergence show that the use of 
recommender systems might discount the 
informativeness of WOM. As the individual 
effectiveness of recommender systems and WOM has 
been widely recognized and they have distinct 
purposes in helping consumer purchases, it is unwise 
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to abandon recommender systems in order to avoid 
reducing WOM effectiveness. We suggest to e-
commerce recommender system designers that they 
could actually strategically re-design the 
recommendation algorithms. Specifically, 
recommender systems could identify product segments 
for recommendations. Instead of directly throwing all 
the products into the recommender systems to generate 
recommendations for a particular focal product, the 
algorithm could segment products based on different 
WOM levels and then provide the segment that has 
similar WOM level with the focal product as inputs 
into the recommender systems for recommendation 
generations. Consequently, WOM may only converge 
in product segments but may still diverge across 
segments and, thus, maintain its informativeness and 
effectiveness. 
Third, we also provide suggestions to e-commerce 
retailers that, in order to offset the convergence (and 
lower effectiveness) of product WOM, they could 
employ marketing strategies to purposely differentiate 
products for consumers. For instance, because 
products’ converged WOM provides limited 
information for consumers’ product comparisons, 
retailers could offer price discounts on a subset of these 
products so as to add another dimension or metric (i.e., 
with or without discounts) to differentiate these WOM-
converged products to help consumers in their product 
evaluations and purchases.  
5 Conclusion 
While we identify several notable findings and 
contributions, our work also has several limitations. 
First, we examined two separate relationships: how 
network connection affects WOM convergence and 
how WOM convergence affects sales. However, we 
did not formally examine the potential mediating role 
of WOM between network connection and sales. Thus, 
we do not make causality claims for this mediating 
relationship, which future research could address. 
Second, although most of the existing recommender 
systems in e-commerce adopt similar collaborative 
filtering recommendation approaches, it is possible for 
some e-commerce recommender systems to adopt 
other recommendation algorithms (e.g., content-based 
approach). Thus, future research could investigate 
whether and how our findings can be generalized to 
other recommendation algorithms. Third, Tmall is a 
third-party platform that facilitates the transactions 
between sellers and consumers but does not own the 
products. Instead, there are many independent stores 
on Tmall, and recommender systems in each store can 
only recommend products from the same store to avoid 
sales cannibalization. In contrast, some other platforms 
(e.g., Amazon) are self-operating platforms that own 
the products, and recommender systems can 
recommend any products from the entire platform. 
Therefore, whether our research conclusion can be 
generalized to other e-commerce platforms needs 
further investigation. Fourth, we have identified the 
robust relationship between network connection and 
WOM convergence. However, our research context is 
based only on e-commerce platforms. Thus, whether 
our findings can be generalized to other contexts such 
as product review platforms (e.g., Yelp.com) needs 
further investigation.  
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